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Abstract
We assess skill of the Met Office’s DePreSys3 prediction system at forecasting summer global
monsoon precipitation at the seasonal time scale (2–5 month forecast period). DePreSys3 has
significant skill at predicting summer monsoon precipitation (r= 0.68), but the skill varies by
region and is higher in the northern (r= 0.68) rather than in the southern hemisphere (r= 0.44).
To understand the sources of precipitation forecast skill, we decompose the precipitation into
several dynamic and thermodynamic components and assess the skill in predicting each. While
dynamical changes of the atmospheric circulation primarily contribute to global monsoon
variability, skill at predicting shifts in the atmospheric circulation is relatively low. This lower skill
partly relates to DePreSys3’s limited ability to accurately simulate changes in atmospheric
circulation patterns in response to sea surface temperature forcing. Skill at predicting the
thermodynamic component of precipitation is generally higher than for the dynamic component,
but thermodynamic anomalies only contribute a small proportion of the total precipitation
variability. Finally, we show that the use of a large ensemble improves skill for predicting monsoon
precipitation, but skill does not increase beyond 20 members.
1. Introduction
Global monsoon precipitation variability has sub-
stantial effects on about two thirds of the world’s pop-
ulation (Wang and Ding 2006). Therefore, under-
standing the factors that drive monsoon variability,
and its predictability, is societally important. How-
ever, simulating and predicting monsoon precipita-
tion is still challenging, with many prediction sys-
tems exhibiting moderate-to-no skill on seasonal to
multi-annual time scales (Bellucci et al 2013, Saha
et al 2016).
Recently developed prediction systems have
shown substantial skill at predicting tropical pre-
cipitation, for both seasonal to multi-annual time
scales (Jia et al 2014, Dunstone et al 2020). Predic-
tion models can predict aspects of Sahel precipitation
from several months to several years ahead (Gaetani
and Mohino 2013, Martin and Thorncroft 2014a,
Rodrigues et al 2014, Siegmund et al 2015, Mohino
et al 2016, Sheen et al 2017). On a seasonal time scale,
skill has also been found over southern China (Lu
et al 2017), India (Rajeevan et al 2012, Johnson et al
2017, Jain et al 2019, Chevuturi et al 2021), East and
Austral Africa (Landman and Beraki 2012, Beraki
et al 2014, Monerie et al 2018, Walker et al 2019),
East Asia (Liu et al 2018), south America (Jones et al
2012), and Australia (King et al 2020). However, there
are relatively few studies focusing on understanding
the predictability of global monsoon precipitation
(e.g. Saha et al 2016).
The predictability of tropical precipitation on sea-
sonal time scales relies on the slowly varying lower
boundary conditions (Charney and Shukla 1981),
and thus is largely dependent on the ability of models
to predict anomalous sea surface temperatures (SSTs)
and their remote effects on monsoon precipitation.
The El Niño Southern Oscillation (ENSO) is well
known as a driver of tropical climate variability and
is key to predicting monsoon precipitation (Shukla
and Paolino 1983, Wang et al 2018, Sohn et al 2019,
Dunstone et al 2020). In addition, anomalous North
Atlantic and Indian Ocean SSTs also allow predic-
tion of variations in monsoon precipitation (Mohino
© 2021 The Author(s). Published by IOP Publishing Ltd
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et al 2016, Wang et al 2018). Therefore, our ability
to predictmonsoon precipitation could be dependent
on SST conditions (e.g. ENSO phase) and on factors
that can modulate SST—monsoon teleconnections
(e.g. internal climate variability and external forcing)
(Annamalai et al 2007, Chen et al 2010, O’Reilly et al
2017, Weisheimer et al 2017, Monerie et al 2018).
There has also been little work to understand the
processes leading to skill in global monsoon predic-
tions. For instance, precipitation variability is associ-
ated with both thermodynamic and dynamic mech-
anisms (Seager et al 2014). Thermodynamic changes
are due to changes in surface temperature and spe-
cific humidity and, hence, may be highly predict-
able on a regional or even global scales. However,
dynamic changes are associated with changes in the
strength and pattern of the atmospheric circulation,
which might lead to a reduced prediction skill. It is
not clear which of these mechanisms is the domin-
ant contributor to skill. We fill this gap by decom-
posing precipitation anomalies following Chadwick
et al (2016) and quantifying skill at predicting each
component.
Unpredictable noise acts to reduce our ability to
predict monsoon precipitation. The large-ensemble
approach aims to reduce unpredictable noise and
hence elevate prediction skill by focusing on the pre-
dictable signal. However, the relative size of large
ensemble required for predicting the global monsoon
has not been assessed. DePreSys3 is a unique oppor-
tunity to analyse skill with a large ensemble, in which
40 members are available. In addition, DePreSys3
allows assessment of prediction skill over a long
period (1959–2016) while previous prediction sys-
tems cover a shorter period (Scaife et al 2019).
This study aims at filling the aforementioned
gaps, focusing on causes of skill at predicting global
monsoon precipitation at a seasonal time scale. In
addition, results help define the necessary ensemble
size needed to predict global monsoon precipitation
with a single climate model.
We address the following questions:
• Can we predict global monsoon precipitation, up
to six months ahead?
• What are the sources of skill for monsoon precip-
itation in terms of dynamic and thermodynamic
contributions?
• What ensemble size doweneed to predictmonsoon
precipitation?
The paper is organised as follows: section 2
describes the simulations and the methodologies
used. In section 3 we quantify skill at predicting
monsoon precipitation. Sources of skill are shown
in sections 4 and 5 provides an estimation of the
ensemble sizes required to reduce unpredictable
noise. Section 6 concludes.
2. Model andmethods
2.1. The DePreSys3 prediction system
DePreSys3 is a Atmosphere-Ocean General Circula-
tion Model developed at the Met Office (Dunstone
et al 2016, 2018), and based on the Hadley Centre
Global Environment Model version 3, global coupled
configuration v2 (HadGEM3-GC2; Williams et al
2015). The ocean model is the Global Ocean ver-
sion 5.0 (Megann et al 2014), based on the Nucleus
for European Models of the Ocean Model (NEMO;
Madec 2008). The ocean is run at a quarter degree res-
olution using the NEMO grid with 75 vertical levels
(the ORCA025L75 grid; Bernard et al 2006). The sea-
ice model is CICE version 4.1 (Hunke and Lipscomb
2004) from the United States Los Alamos National
Laboratory. The atmosphere model is the Global
Atmospheric version 6.0 (GA6) of theMetOfficeUni-
fied Model, run at N216 resolution (∼60 km in the
mid-latitudes) with 85 vertical levels. The land sur-
face model is the Joint UK Land Environment Sim-
ulator version 6.0 (JULES; Best et al 2011). The dif-
ferent components are coupled using OASIS3 (Valcke
2013).
Two sets of hindcasts have been performed. The
first set is performed by initialising simulations on
1 November each year between 1959 and 2016 (i.e.
58 start dates). In the second set, hindcasts are star-
ted from 1 May, each year between 1960 and 2016
(i.e. 57 start dates). Forty ensemble members are
generated for both hindcast sets by using different
seeds to a stochastic physics scheme (Dunstone et al
2016). Each hindcast is forced by the historical evol-
ution of external forcings (greenhouse gases, aer-
osols, ozone, solar radiation and volcanoes). After
2005, external forcing is taken from the RCP4.5 scen-
ario, as in the Climate Model Intercomparison Pro-
ject (CMIP5) protocol (Taylor et al 2012). DePreSys3
is full-field initialized by relaxing a coupled integ-
ration of HadGEM3-GC2 towards gridded observa-
tions (see Dunstone et al 2016). Three-dimensional
ocean temperature and salinity are relaxed toward
the Met Office statistical ocean reanalysis (Smith and
Murphy 2007, Smith et al 2015) and sea-ice concen-
tration is relaxed towards HadISST (Hadley Centre
Sea Ice and Sea Surface Temperature; Rayner et al
2003), both at one day relaxation time scale. The
atmosphere model is initialised from ERA-40, before
1979, and from ERA-Interim afterwards with a six
hourly relaxation time scale.
DePreSy3 is theMetOffice decadal prediction sys-
tem, however in this study we focus on the seasonal
time scale (2–5 month forecast period). DePreSys3 is
based upon the same physical climatemodel, and is at
the same resolution, as theMetOffice operational sea-
sonal prediction system (GloSea5; MacLachlan et al
2015) but the longer DePreSys3 hindcasts period
(1960–2016 vs 1992–2016 of GloSea5) allows for a
2
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more robust evaluation of seasonal hindcast skill over
the global monsoon regions.
2.2. Observations and reanalysis
Prediction skill is evaluated using observations and
reanalysis. For precipitation we use the Global Pre-
cipitation Climatology Centre (GPCC) version v7
(Schneider et al 2014). GPCC is available over 1901–
present on a 0.5◦ grid. We also use data from the
Climate Research Unit (CRU; Harris et al 2014),
version 4.03, which spans 1901-present. For a large
range of atmospheric variables we used the data from
the National Centers for Environmental Prediction
(NCEP) reanalysis (R-1; Kanamitsu et al 2002). NCEP
is given on a 2.5◦ resolution (144 × 72) with 17 ver-
tical levels. NCEP spans 1948 to present.
2.3. Precipitationmetrics
Observed and simulated precipitation are first inter-
polated onto a common 1◦ horizontal resolution grid
when computing the monsoon precipitation indices.
Precipitation is first interpolated to a common 2.5◦
resolution prior to assessing skill at each grid point.
Monsoon domains are defined following Wang et al
(2011), using GPCC. Specifically, grid points are
selected where the annual observed precipitation
range (i.e. the difference between May to September
[MJJAS] and November to March [NDJFM]) exceeds
2.5 mm d−1. Note, we only consider precipitation
that falls within the tropical latitudes [30◦ S–30◦
N] and over land. Monsoon domains are shown in
figure 1(a) and are named NAM (North America),
NAF (North Africa), SAS (South Asia), EAS (East
Asia), SAM(SouthAmerica), SAF (SouthAfrica), and
AUS (Australia). Since we seek enough spread for a
probabilistic forecast, we remove the first month of
each simulation. We assess the ability of DePreSys3
at simulating precipitation over the northern hemi-
sphere using hindcasts initialised in May, focusing on
JJAS, i.e. on a 2–5 month forecast period. Over the
southern hemisphere, the 2–5 month forecast period
is defined using hindcasts initialised inNovember and
focusing on DJFM.
We also assess global monsoon predictability,
averaging together precipitation initialised inMay for
the northern hemisphere precipitation (focusing on
JJAS) and initialised in November for the southern
hemisphere precipitation (focusing on DJFM). This
metric is hereafter called GM_nm.
2.4. Bias adjustment
Once initialised from reanalysis, models drift to their
preferred (and imperfect) mean climatology. We
remove the drift following the procedure described in
the World Climate Research Program recommenda-














where Y and X are given for a member i and a
start date j for respectively DePreSys3 and the cor-
responding observations/reanalysis, spanning n start
dates andmmembers. The drift, dr, is only lead-time
(τ ) dependent and is assumed to be start independ-
ent. Here, we assume that the ICPO method reliably
removes drift for a large range of variables and over
several regions. Note that the drift correctionmethod
does not impact our estimation of the model skill
(anomaly correlation coefficient (ACC) values).
2.5. Evaluation of the model skill
We evaluate skill using the ACC between the
ensemble-mean prediction from DePreSys3 and
observations. The statistical significance of the ACC
value is assessed by performing a Monte Carlo pro-
cedure through resampling (5000 permutations). For
a given lead time, we randomly resampled time-series
(of 57 and 58 years) using blocks of 5 year periods
and filled until the size of the original time-series is
reached, to preserve a multi-annual variability. Cor-
relation between DePreSys3 and observed/reanalysed
time-series are then computed for each permutation
to form a distribution of ACC scores. ACC is then
considered significant at p ⩽ 0.05 when values are
greater than the 95th percentile of the permutation
distribution (i.e. a one-sided test).
In this study the skill is always shown relative
to the long-term trend, removing a linear trend for
each-grid point and for each monsoon index. Note
that removing the linear trend does not dramatically
impact the results on prediction skill (not shown).
2.6. Decomposition
We decompose precipitation anomalies into terms
documenting precipitation anomalies due to ther-
modynamic and dynamic changes. Held and Soden
(2006) assumed that precipitation can be approxim-
ated by,
P=M ∗ q
where, P is precipitation, M∗ is a proxy for convect-
ive mass-flux from the boundary layer to the free tro-
posphere (with M∗ = p/q), and q is the near surface
specific humidity.
A change in precipitation (∆P = ∆(M∗q)) is
computed for each month, regarding the 1959–
2016 and 1960–2016 mean periods. Anomalies in
precipitation are reformulated in terms of thermo-
dynamic (∆Ptherm), dynamic (∆Pdyn) and cross-
nonlinear (∆Pcross) components, followingChadwick
et al (2013, 2016) as:
∆P=M ∗∆q+ q∆M ∗ +∆q∆M∗
with,
∆P=∆Ptherm +∆Pdyn +∆Pcross
where∆Ptherm is the anomaly in precipitation due to
a change in specific humidity, with no change of the
3
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Figure 1. (a) Skill (anomaly coefficient correlation) at predicting summer precipitation in DePreSys3, at the 2–5 month forecast
period. ACC values are shown for JJAS (DJFM) in the northern (southern) hemisphere, with the simulations initialised in May
(November), over the period 1960–2016 (1959–2016). Stippling indicates that ACC is significantly different to zero according to a
Monte-Carlo procedure with 5000 permutations and a 95% confidence level (see text for details). Black contours show the
monsoon domains computed from GPCC. (b) Skill at predicting precipitation at the 2–5 month forecast period for different
monsoon domains, the global monsoon, and the northern (NH) and southern (SH) hemispheres. Results for JJAS (DJFM) with
the simulations initialised in May (November) are shown in red (blue). The combined GM definition (GM_nm) is shown in
green. All bars are significant at the 95% level, method as in panel (a). ACC are computed with respect to GPCC and using
ensemble-mean values for DePreSys3.
atmospheric circulation (constant M∗), ∆Pdyn is the
anomaly in precipitation due to a change in the atmo-
spheric dynamics, with no change in specific humid-
ity value (q), and ∆Pcross is the anomaly in precipit-
ation due to changes in both dynamics and specific
humidity.
Further decomposition of ∆Pdyn allows to doc-
ument changes that are due to the strength of
the tropical mean circulation (∆Pweak) and to a
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where
α =−(tropical mean∆M∗/tropical meanM∗)
α is scaled by the strength of the mean tropical
circulation. Finally,
∆M∗shift = ∆M ∗ −∆M∗weak.
The decomposition is performed at the monthly
time step (as in Chadwick et al 2016, Rowell and
Chadwick 2018) prior to computing the seasonal
means and the area-weighted averages.
2.7. Quantification of the variability
We use a covariance analysis to quantify the part of
the precipitation variance that is due to each term.
FollowingKent et al (2015), the precipitation variance












Here, n = 3 when decomposing precipitation
using ∆Ptherm, ∆Pdyn and ∆Pcross and n = 4 when
the dynamical term is decomposed further (i.e. using
∆Ptherm, ∆Pshift, ∆Pweak and ∆Pcross). Subscripts i





denotes the covariance between two
terms (∆Pi and ∆Pj) and between itself (when
i= j). cov(∆Pi∗) denotes the sum of the covariances
between∆Pi and all terms (including∆Pi itself). It is
worth nothing that the thermodynamic component is
negatively correlated with∆Pweak due to the fact that
both∆Ptherm and∆Pweak are associated with changes
in tropical SST (Ma et al 2011, Kent et al 2015). There-
fore, cov(∆Pweak,∆Ptherm) is negative. As a result, the
variance explained by a term can exceed 100%. For




is of 110% of
the total precipitation variance for several monsoon
domains.
3. Skill at predicting tropical precipitation
Figure 1 shows the precipitation skill at a 2–5 month
forecast period, for each grid point and when aver-
aged over each monsoon domain. Displayed time
series (figure 2) show the ability of DePreSys3 to pre-
dict precipitation anomaly magnitude.
DePreSys3 exhibits substantial skill at predicting
summer precipitation over the tropics (figure 1(a)).
Significant ACC values are found over North and
South America, the Sahel, southern Africa, northern
India and Australia (figures 1(a) and (b), 2(b)–(j)).
We have also evaluated ACC using CRU TS obser-
vation and find similar results (figure S1 (available
online at stacks.iop.org/ERL/16/104035/mmedia)).
In terms of monsoon domains, skill is strongest over
the NAM and NAF (ACC = 0.61) domains, while
skill is moderate, but still significant, over the EAS
(ACC = 0.39) and SAS (ACC = 0.37) domains. Skill
is also significant over the southern hemisphere with
significant ACC values for the SAM (ACC = 0.45),
SAF (ACC= 0.45) and AUS (ACC= 0.39) monsoon
domains.
When assessed over the relatively long 1950–2016
period, the skill at predicting summer monsoon pre-
cipitation is due to DePreSys3’s ability to simulate
both interannual and multi-annual fluctuations in
summer monsoon precipitation. Skill at predicting
interannual and multi-annual variations in precip-
itation is shown for most of the monsoon domains
(table 1; figures S2 and S3).
A substantial amount of skill in predicting
NAF summer precipitation is due to the ability of
DePreSys3 to simulate the multi-annual monsoon
precipitation variability (ACC = 0.71; table 1; figure
S2(e)), with the drying trend to the 1980s and the lim-
ited precipitation recovery of the 1990s (figures 2(e)
and S2(e)). This seesaw in precipitation has been pre-
viously associated with Atlantic multidecadal variab-
ility (AMV) (Martin and Thorncroft 2014b). There-
fore, we attribute a part of the skill in predicting
NAF precipitation to be due to the high ACC values
of the North Atlantic SSTs (figure S4), as shown in
Mohino et al (2016). The skill at predicting NAM
interannual variability is high (ACC = 0.71; table 1;
figures 2(d) and S3) and is suggested to be due to
the ability of DePreSys3 to simulate tropical Pacific
SSTs (figure S4), which have strong effects on NAM
precipitation (figures S5 and S6). The skill at predict-
ing AUS precipitation mostly arises from the ability
of DePreSys3 to simulate interannual precipitation
variability (ACC = 0.61; table 1; figures 2(j) and S3)
while skill is rather low for the multi-annual variabil-
ity (ACC= 0.03; figure S2).
Skill at predicting global monsoon precipitation
(GM_nm) is high (ACC = 0.68) and the model is
also able to capture the large magnitude of anom-
alies inGMprecipitation.We expect common sources
of variability across the northern and the southern
Hemisphere because of internal variability (e.g. AMV,
ENSO, Interdecadal Pacific Oscillation) (Wang et al
2017, Monerie et al 2019) and external forcing (e.g.
Ackerley et al 2011). This provides motivation for
showing the skill for NH and SH monsoon precip-
itation. The skill is higher over the northern Hemi-
sphere (in JJAS, ACC = 0.68) than over the south-
ern Hemisphere (in DJFM, r = 0.44) (figures 1(b),
2(b) and (c)). This difference in skill mainly arises
from DePreSys3’s ability at simulating the multi-
annual variability of the NH monsoon precipitation
(ACC = 0.55; table 1: figure S2) compared to the SH
(ACC = 0.24). In comparison, the interannual vari-
ability is well simulated by DePreSys3 for both NH
(ACC = 0.71) and SH (ACC = 0.60) precipitation
(table 1: figure S3).
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Figure 2. Linearly detrended summer monsoon precipitation time series (mm d−1), for (a) the global monsoon, (b) the northern
hemisphere, (c) the southern hemisphere and ((d)–(j)) the different monsoon domains. Time series are plotted for the JJAS
(DJFM) season with the simulations initialised in May (November), with a red (blue) line. The GMmonsoon domain is shown in
green (initialised in May and November for northern and southern hemispheres, respectively). Observations (GPCC) are shown
in black. Shading indicates the DePreSys3 ensemble spread defined by the ensemble standard deviation. The correlation between
GPCC and the DePreSys3 ensemble-mean is added in each panel, two starts are added when the ACC is significantly different to
zero according to a Monte-Carlo procedure with 5000 permutations and a 95% confidence level.
Table 1. Skill (Pearson’s correlation between GPCC and DePreSys3) at predicting precipitation time series, for the total
(interannual+multi-annual), and interannual and multi-annual variability separately in global and regional monsoon precipitation.
The multi-annual evolution is extracted by performing a four year running mean. The interannual precipitation evolution is defined as
the deviation of precipitation from the multi-annual component. (One) Two starts are added when the ACC is significantly different to
zero according to a Monte-Carlo procedure with 5000 permutations and a (90) 95% confidence level.
Monsoon indices GM_nm NH SH NAM NAF SAS EAS SAM SAF AUS
Total variability 0.68∗∗ 0.68∗∗ 0.44∗∗ 0.61∗∗ 0.61∗∗ 0.37∗∗ 0.39∗∗ 0.45∗∗ 0.45∗∗ 0.39∗∗
Interannual variability 0.72∗∗ 0.71∗∗ 0.60∗∗ 0.71∗∗ 0.51∗∗ 0.39∗∗ 0.34∗∗ 0.44∗∗ 0.54∗∗ 0.61∗∗
Multi-annual variability 0.51∗∗ 0.55∗∗ 0.24 0.37∗∗ 0.71∗∗ 0.27∗∗ 0.50∗∗ 0.43∗∗ 0.30∗ 0.03
We expect skill at simulating monsoon precipit-
ation variability to be associated with the ability of
DePreSys3 to simulate ocean modes of variability.
ENSO is an important source of skill at a seasonal lead
time (Robertson et al 2015). We find that DePreSys3
has a high skill over the tropical Pacific Ocean at the
2–5 month forecast period (figure S4), which is con-
sistent with the high skill in predicting interannual
summer monsoon precipitation variability (table 1
and figure S3). In addition, low-frequency modes of
variability (e.g. AMV and Interdecadal Pacific Oscil-
lation (IPO)) and their respective impacts over land
could also contribute to skill at predicting summer
monsoon precipitation (table 1). High skill is found
for indices of both AMV (ACC = 0.7; defined as the
surface air temperature averaged over ocean points
[0◦–60◦ N; 80◦ W–0◦ E]), and IPO (ACC = 0.8;
defined as the difference in surface air temperature,
over ocean points between [25◦–45◦ N; 170◦–90◦ W]
and [10◦ S–10◦ N; 150◦–210◦ E], following Huang
et al (2020)).
4. Unravelling sources of skill
4.1. Explaining summermonsoon precipitation
variance
Section 3 did not indicate mechanisms respons-
ible for the skill. Therefore, we further analyse the
sources of skill by decomposing precipitation into
terms representing the dynamic and thermodynamic
6
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Figure 3. Covariance between several selected precipitation terms, in percent of the precipitation variance (%), for∆Pdyn (blue),





) is shown with the black line. Results are given for each monsoon domain and for (a)
observations/reanalysis and (b) DePreSys3.
contributions to the summer monsoon precipitation
variability and by analysing the ability of DePreSys3
to capture the evolution of these precipitation terms.
Tropical precipitation can be decomposed into dif-
ferent components, including dynamic (∆Pdyn), ther-
modynamic (∆Ptherm) and cross non-linear (∆Pcross)
terms (see section 2.6). Thus, we use this decomposi-
tion to explore the reasons for skill. However, we first
need to assess the relative importance of each term in
explaining the totalmonsoon precipitation variability
before assessing the skill of each precipitation com-
ponent separately.
We find that precipitation variability is mostly
associated with changes in the atmospheric dynamics
(r ranging from 0.7 to 0.9 over the monsoon domains
between precipitation and∆Pdyn; not shown). How-
ever, the terms are not independent, and we docu-
ment the importance of each term with a co-variance
analysis (see section 2.7). The result is expressed as
a percentage of the precipitation variance explained
in order to stress the respective importance of each
term to summer monsoon precipitation variability
(figure 3). For clarity, we only show the covariances
that explain most of the summer monsoon precipita-
tion variance.
Figure 3(a) shows that, in reanalysis, ∆Pdyn is
the dominant driver of the precipitation variance.
∆Pdyn explains most of the monsoon precipitation
variance (cov(∆Pdyn∗) explains ∼90% of precipit-
ation variance for all monsoon domains). ∆Pshift
is the main contributor to ∆Pdyn, and is the main
source of the summer monsoon precipitation vari-
ance (figure 3(a)). The dominance of ∆Pdyn (and of
∆Pshift) shows that monsoon precipitation variability
is mostly dominated by changes in atmospheric cir-
culation. However, the relative importance of terms
is monsoon domain dependent. The contribution of
∆Pdyn to summer monsoon precipitation variance is
highest over NAM and SAM monsoon domains and
is lowest over the AUS and EAS monsoon domains
(figure 3(a); ∼40% in reanalysis). In contrast, the
∆Ptherm and ∆Pcross terms only account for a mod-
erate part (less than 10%) of the summer monsoon
precipitation variance (figure 3(a)).
DePreSys3 summer monsoon precipitation vari-
ance is also dominated by the dynamic components,
while thermodynamic and cross components only
moderately contribute to the precipitation variance
(figure 3(b)). Like in observations, the covariance
between∆Pdyn and all terms (i.e. cov(∆Pdyn∗)) con-
tributes more strongly to the precipitation variance
over the NAM and SAF monsoon domains than over
the SAS, EAS and AUS monsoon domains. Over the
Australian and southern African monsoon domains,
the contributions of∆Pweak and∆Ptherm are relatively
large.
4.2. Skilful prediction of the thermodynamic and
dynamic terms
We now assess the predictability of the different pre-
cipitation components. Figure 4 shows the skill at
predicting the different components of precipitation
with DePreSys3, and figure 5 shows the skill for the
terms averaged over the monsoon domains, both at a
2–5 month forecast period.
The skill at predicting the thermodynamic term
(∆Ptherm) is high over the tropics, and particu-
larly over the American monsoon domains, South
Africa, Indonesia and East Asia (figure 4(a)). We also
find that the skill at predicting ∆Ptherm is statist-
ically significant for all monsoon domains, and for
GM_nm (figure 5(a)). The significant skill at predict-
ing∆Ptherm is consistent with the ability of DePreSys3
to predict surface air temperature and specific humid-
ity (figures S4 and S7). The precipitation variability
is strongly associated with changes in atmospheric
7
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Figure 4. Skill (ACC) at predicting (a)∆Ptherm, (b)∆Pdyn, (c)∆Pcross, (d)∆Pweak and (e)∆Pshift. ACC values are shown for JJAS
(DJFM) in the northern (southern) hemisphere, with the simulations initialised in May (November), over the period 1960–2016
(1959–2016). Stippling indicates that ACC is significantly different to zero according to a Monte-Carlo procedure with 5000
permutations and a 95% confidence level. ACC are computed with respect to observations/reanalysis.
circulation (figures 3(a) and (b)). However, skill in
∆Pdyn is rather low over the tropics (figure 4(b)),
although it is significant when averaged over most of
the monsoon domains (figure 5(b)). The lowest skill
is evident at the grid-box scale for ∆Pdyn, but recov-
ers to near the level of ∆Ptherm for the area-average
indices, and skill in∆Pdyn is event larger than skill in
∆Ptherm for NAF. We hypothesize that the low skill at
the grid-box scale in∆Pdyn may be due to noise in the
verifying data.
The skill at predicting ∆Pshift and ∆Pcross is
relatively low when assessed for each grid point
(figures 4(c) and (e)). Nevertheless, there is signific-
ant skill in ∆Pcross when averaged over the monsoon
domains (figure 5(c)). However, the skill at predict-
ing precipitation associated with shifts of the circula-
tion (∆Pshift) is the lowest, which highlights deficien-
cies in predicting atmospheric circulation variability
(figure 5(e)). The skill at predicting ∆Pweak is high
and is the same for each grid point for a given hemi-
sphere (figures 4(d) and 5(d)), because it is a tropical-
mean quantity.
It is unclear whether the low skill is due to
DePreSys3’s inability to simulate large-scale or
regional changes in atmospheric circulation. Wang
et al (2018) proposed a NH monsoon circulation
index, which is significantly positively correlated with
global monsoon precipitation. This index is defined
by computing changes in zonal wind shear, between
the 850 westerlies and the 200 hPa easterlies, and
averaged over a large area (between 0◦–20◦ N and
120◦ W–90◦ E). In DePreSys3, the skill is high for the
wind shear averaged over the tropics, in both JJAS
(ACC = 0.7) and DJFM (ACC = 0.8) (significant
at the 95% confidence level) (figure S9). Therefore,
we conclude that DePreSys3 can predict the import-
ant large-scale atmospheric dynamics associated with
the northern hemisphere summer monsoon. Hence,
the relatively low ACC values of ∆Pshift are likely to
be due to errors in simulating regional-scale atmo-
spheric circulation.
The skill at predicting summer monsoon precip-
itation is not solely due to ability of DePreSys3 to pre-
dict∆Pdyn. This suggests that, even if accounting for
a relatively small proportion of the explained precip-
itation variance,∆Ptherm and∆Pcross could be helpful
for predicting precipitation. For instance, DePreSys3
has skill at predicting EAS and AUS precipitation
(figure 1(b)), that cannot be attributed to a predic-
tion of ∆Pdyn (figure 5(b)) or ∆Pshift (figure 5(e)).
However, we show in figures 3(a) and (b) that the
contribution of ∆Pdyn and ∆Pshift is anomalously
low for the EAS and AUS precipitation variability,
compared to the other monsoon domains, and the
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Figure 5. Skill at predicting the weighted-area averaged (a)∆Ptherm, (b)∆Pdyn, (c)∆Pcross, (d)∆Pweak and (e)∆Pshift terms over
each monsoon domain, the global monsoon and the northern (NH) and southern (SH) hemispheres, for 2–5 month forecast
periods. Results for JJAS (DJFM) with the simulations initialised in May (November) are shown in red (blue). The global
monsoon is shown in green. Filled bars indicate that the ACC is significantly different to zero according to a Monte-Carlo
procedure with 5000 permutations and a 95% confidence level. ACC are computed with respect to observations/reanalysis.
relative importance of the other pairs of covariances
could be of importance, through for instance feed-
backs between precipitation drivers.
The relatively low skill at predicting∆Pshift shows
that simulating changes in atmospheric circulation
is challenging. The low skill at predicting ∆Pshift
could be due to the inability of DePreSys3 to sim-
ulate remote effects of SSTs on precipitation. For
instance, we assess the ability of DePreSys3 to sim-
ulate effects of SSTs on shifts in circulations on
SAS and AUS monsoon precipitation (figure S8) and
we note strong differences between observation and
DePreSys3. Therefore, we suggest the low skill in SAS
and AUS monsoon precipitation to be partly due
to errors in simulating teleconnections between the
tropical Pacific SSTs and the monsoons.
5. Ensemble size
We assume that a substantial proportion of sum-
mer monsoon precipitation variability might be
unpredictable. Therefore, low skill at predicting sum-
mer monsoon precipitation and ∆Pshift might be
due to unpredictable variability rather than model
errors. However, it is well known that increasing the
ensemble size will reduce stochastic and unpredict-
able noise and, hence, increase skill, as in Scaife and
Smith (2018) for predicting the North Atlantic Oscil-
lation. Over the tropics the minimum number of
members needed to extract substantial skill at pre-
dicting summer monsoon precipitation on seasonal
time scales has not been assessed so far, in a unique
explicit assessment for all monsoons and using a large
ensemble. We fill this gap using the large DePreSys3
ensemble size. To test this, we have resampled the
hindcast dataset to create new synthetic timeseries,
randomly selecting m ensemble members for each
start date. The ensemble-mean of each ensemble of
m-members is performed before to compute the ACC
relative to the observed timeseries. m vary from 1
to 40 and 50 000 permutations are used. We have
defined the result as significant when at least 95%
9
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Figure 6. Skill at predicting summer monsoon precipitation, depending on the number of ensemble members (solid lines)
(ranging from 1 to 40 members). The new ensemble members are computed by randomly re-sampling the data set and compared
to observations (solid lines). A total of 50 000 permutations have been performed to re sample the data. Bold lines indicate that at
least 95% of the 50 000 ensemble members show significant correlations (as defined here with a Student’s t-test at the 95%
confidence level). We show the median of the 50 000 correlations. ACC are computed with respect to GPCC.
of the 50 000 ensemble-means produce significant
skill (as defined here with a Student’s t-test at the
95% confidence level) at predicting summer mon-
soon precipitation.
Figure 6 indicates that, as expected, skill increases
with m, a larger ensemble allowing for better skill.
For predicting global monsoon and northern and
southern Hemisphere summer monsoon precipit-
ation we only need a limited ensemble size and
skill converges with ensembles of ∼6–10 members
(figures 6(a)–(d)). A limited number of members are
also needed for most of the monsoon domains, as
10
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seen for the NAM, NAF and SAMmonsoon domains
(figures 6(e), (f) and (i)). However, an ensemble of
20 members or more, could be needed for predict-
ing EAS, SAS and AUS summer monsoon precipita-
tion (figures 6(h), (j) and (k)). This raises the import-
ance of using relatively large ensembles over some
monsoon domains.
6. Discussion and conclusions
We find that DePreSys3 (Dunstone et al 2016) has sig-
nificant skill at predicting summer monsoon precip-
itation on a 2–5 month forecast period, using predic-
tions initialised annually over 1959–2016. However,
the skill depends on the specific monsoon domains
being considered. The highest skill is found for the
NAM and NAF monsoon domains (ACC = 0.61),
while the lowest skill is found for the SAS monsoon
domain (ACC = 0.37). Skill at predicting interan-
nual monsoon variability is high (ACC = 0.72) for
global monsoon precipitation and is associated with
the high skill of the tropical Pacific SSTs (figure S4).
However, there is significant skill on multi-annual
time scales too, but the skill is monsoon domain
dependent; low over the Australianmonsoon domain
(ACC = 0.03) and high over the NAF monsoon
domain (ACC = 0.71). Although skill at predict-
ing monsoon precipitation was shown to be strongly
model dependent (Rodrigues et al 2014), DePreSys3
has comparable skill to other prediction systems for
global monsoon precipitation (Saha et al 2016) and
the individualmonsoon domains. However, results of
this study are not directly comparable to other predic-
tion systems because of differences in ensemble size
and length of the hindcast period covered.
We have assessed whether predictability in
monsoon rainfall arises from thermodynamically
(∆Ptherm) and dynamically (∆Pdyn) driven compon-
ents by using the decomposition method of Chad-
wick et al (2016). Significant skill is obtained for both
∆Ptherm and ∆Pdyn, although ∆Pdyn generally con-
tributes less skill than∆Ptherm. Overall, we show that
the interannual variability of monsoon precipitation
is primarily due to shifts of the atmospheric circula-
tion (∆Pshift), which is not well captured in predic-
tions. Hence, it is critical to improve predictions of
∆Pshift to improve the skill of monsoon precipitation
prediction. However, we acknowledge that prediction
skill could depend on the observations/reanalysis that
are used for verification, and that the prediction skill
of ∆Pshift is expected to be more uncertain that the
prediction skill of∆Ptherm.
We find that deficiencies in the predictions
of monsoon precipitation are largely explained by
DePreSys3’s inability to simulate ∆Pshift. More spe-
cifically, we show that skill is low at capturing
∆Pshift over the Australian and South Asian mon-
soon domains, because of errors in the simulated
teleconnections between Pacific and Indian SSTs and
land monsoon precipitation. However, ∆Pshift only
explains a moderate part of the precipitation vari-
ance of AUS and SAS precipitation, suggesting that
the improvement of the skill in these regions could be
limited even if predictions of ∆Pshift were improved.
Therefore, additional efforts should be devoted to
understanding feedbacks between the different pre-
cipitation terms and their biases in DePreSys3, espe-
cially over South Asia, Australia and Indonesia.
Another way to increase skill at predicting precip-
itation is to reduce the unpredictable noise by increas-
ing the ensemble size of the predictions. For most of
the monsoon domains, and for global monsoon pre-
cipitation, we show that an ensemble of 5–10 mem-
bers is necessary to extract significant skill for pre-
diction. However, at least 20 members are necessary
to get useful predictions of precipitation over south-
ern Africa and over the Australian monsoon domain.
Increasing the number of members beyond this offers
no significant increase in skill for monsoon forecasts
on this time scale.
In Summary, our results suggest that improv-
ing our ability to simulate shifts of the circulation
would lead to an important improvement of the pre-
dictive skill of summer monsoon precipitation. This
improvement could result from detailed assessment
of the role of systematic biases in the mean-state sim-
ulation of SST and monsoon circulation on ENSO—
monsoon teleconnections (e.g. Turner et al 2005) and
prediction skill (e.g. Lee et al 2010). Nevertheless, we
expect model error and prediction skill to be model-
dependent and, hence, analysing skill of several pre-
diction systemswill be important to further define the
sources of skill. In addition, a multi-model combina-
tion could further improve skill because of differences
in structural models biases (e.g. Dunstone et al 2020).
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